Abstract This study investigates a physical basis for heterogeneity in hydrological changes, which suggests a greater detectability in wet than dry regions. Wet regions are those where atmospheric demand is less than precipitation (energy limited), and dry regions are those where atmospheric demand is greater than precipitation (water limited). Long-term streamflow trends in western North America and an analysis of Coupled Model Intercomparison Project Phase 5 (CMIP5) climate models at global scales show geographically heterogeneous detectability of hydrological changes. We apply the Budyko framework and state-ofthe-art climate model data from CMIP5 to quantify the sensitivity and detectability of terrestrial hydrological changes. The Budyko framework quantifies the partitioning of precipitation into evapotranspiration and runoff components. We find that the terrestrial hydrological sensitivity is 3 times greater in regions where the hydrological cycle is energy limited rather than water limited. This additional source (the terrestrial part) contributes to 30-40% greater detectability in energy-limited regions. We also quantified the contribution of changes in the catchment efficiency parameter that oppose the effects of increasing evaporative demand in global warming scenarios. Incorporating changes to the catchment efficiency parameter in the Budyko framework reduces dry biases in global runoff change projections by 88% in the 21st century.
Introduction
Reliable water availability (streamflow) projections are important for a number of economic sectors including agriculture, water supply, and energy. However, there exist large uncertainties in hydrological projections that arise from multiple sources including global climate models, emission scenarios, model parametrizations, downscaling methodology, hydrologic modeling, and internal variability in the climate system [Haddeland et al., 2011; Hagemann et al., 2011; Deser et al., 2012; Chen et al., 2013; Vano et al., 2013] . Observed hydrological changes show significant spatial heterogeneity with instances of increasing, decreasing, and no significant streamflow trends found in the historical period [Milly et al., 2005; Dai et al., 2009; Stahl et al., 2010; Sagarika et al., 2014] . The observed changes are also confounded by the uncertainties in data, methodology, and metrics of hydrological changes [Kumar et al., 2009; Sheffield et al., 2012; Allan, 2014; Greve et al., 2014; Trenberth et al., 2014] . While prior studies have found some evidence of human influence on precipitation changes, the detection of global streamflow changes is not robust [Zhang et al., 2007; Dai et al., 2009; Alkama et al., 2013; Jimenez Cisneros et al., 2014; Wan et al., 2014] . Greve et al. [2014] and have found significant uncertainties in hydrological changes over land that can be due to internal climate variability, and water limitations to evaporation over land .
To navigate this cloud of uncertainties, it is important to understand the underlying physical processes that, when isolated, are robust indicators of future hydrological changes. One such feature is greater detectability of hydrological changes in wet regions than dry regions (Figures 1 and 2 ; discussed later) referred to as heterogeneity in hydrological changes, hereafter. Wet regions are defined as those where atmospheric demand is less than precipitation and dry regions are those where atmospheric demand is greater than precipitation. Wet and dry regions can be defined on the global or regional scales. Different climate extremes have been observed in wet and dry regions recently, e.g., 2015 South Carolina Flood (a wet region), and 2012-2015 California drought (a dry region). An improved understanding of the physical processes leading to branch of the hydrological cycle, namely the partitioning of precipitation into evapotranspiration and runoff, have not been investigated to the same degree, e.g., in terms of differences between wet and dry regions. The primary goal of this study is to elucidate the roles of the terrestrial branch of the hydrological cycle. The terrestrial branch can contribute to the heterogeneity in hydrological changes through: (1) greater soil water storage capacity in dry regions than wet regions (discussed later) and (2) increased plant water use efficiency under elevated atmospheric CO 2 concentrations [Betts et al., 2013; Cao et al., 2010] . We also investigate the major source of uncertainty that may strengthen or weaken the heterogeneity in hydrological changes (discussed later). Time series of detectability of changes in P-E and runoff ratio (RR) under global warming scenarios: (a and c) Historical 1 RCP4.5 and (b and d) Historical 1 RCP8.5, all relative to preindustrial climate simulations. Multimodel mean computed from four CMIP5 climate models (CanESM2, CCSM4, CNRM-CM5, and MPI-ESM-MR; see text). Shading represents 95% confidence interval uncertainty range of multimodel mean. Wet and dry regions are defined based on majority rule (!three out of four models). Uncertain areas represent equal division between four models, i.e., two models dry and two models wet. Threshold DI for wet and dry regions is selected such that all land areas (except Antarctica and Sahara deserts) are equally divided between wet and dry regions, i.e., 50% each in individual models' preindustrial climate.
Water Resources Research

10.1002/2016WR018607
The Budyko framework is a heuristic approach to conceptually partition precipitation into evapotranspiration and streamflow using just a few model parameters [Budyko, 1958] . The Budyko framework has been tested, validated, and applied in numerous observational and modeling-based studies, and remains an active research area [Milly, 1994; Koster and Suarez, 1999; Zhang et al., 2001 Zhang et al., , 2004 Zhang et al., , 2008 Berghuijs et al., 2014; Greve et al., 2014 . Koster [2014] found that the Budyko framework performs better than several land surface models in describing the relationship between evapotranspiration and runoff efficiencies. Roderick et al. [2014] found that climate model projections of precipitation and evapotranspiration closely follow the Budyko framework. However, they did not consider the sensitivity to changes in model parameters, which is an important aspect (shown later). We apply the Budyko framework in combination with other data and methods to study sensitivity and detectability of hydrological changes. Zhang et al. [2004] presented a physical basis for the Budyko framework that is based on the complementary relationship between water and energy. In general, the Budyko framework is a demand to supply framework that can be used to predict water availability at annual and subseasonal time scales [Zhang et al., 2008] . Li et al. [2013] found a significant positive relationship between the Budyko model parameter and vegetation coverage for large catchments around the world. A secondary goal of this study is to understand future hydrological changes predicted by state-of-the-art coupled climate and earth system models [Taylor et al., 2011; Flato et al., 2013] in the context of the Budyko framework and identify its major sources of uncertainty for using the Budyko framework in future water prediction. The state-of-the-art coupled climate and earth system models represent our best approximation of future water availability because they are backed with our most up-to-date representation of the physical processes, e.g., coevolution of carbonwater-energy cycles, prognostic vegetation phenology scheme, and land use change in Community Land Model [Oleson et al., 2010; Lawrence et al., 2011] .
Data and Methods
Streamflow Data. We employed streamflow observations for 115 natural or near-natural watersheds in western North America (supporting information Table S1 ). Long-term trends (>50 years) are calculated using the nonparametric Theil-Sen method and trend significance is determined using the Mann-Kendall test considering long-term persistence in the time series as described in Kumar et al. [2009] . High-resolution (4 km) PRISM climate data [Daly et al., 2008] are employed in the Budyko modeling (described later) at the watershed scale.
CMIP5 Data. We extend our analysis globally and to future projections using climate model output from the CMIP5 archive [Taylor et al., 2011] . We use projections based on Representative Concentration Pathways RCP4.5-a medium emissions scenario with radiative forcing in year 2100 of 4.5 W m 22 and RCP8.5-a high emission scenario with a radiative forcing of 8.5 W m 22 . All available ensembles are employed; thus, a total of 88 historical climate simulations, 54 RCP8.5 and 15 RCP4.5 climate projections, and four 1000 year preindustrial climate simulations from 24 climate models are analyzed (supporting information Table S2 ). Our selection of CMIP5 models was limited by the availability of required variables for calculating potential evapotranspiration. To avoid biases caused by having more ensemble members from one climate model than another, we used a multimodel ensemble (MME) weighted average approach; thus, ensuring a ''one model one vote'' policy [Jones et al., 1969] . Climate model outputs were interpolated to a common 2.58 3 2.58 (72 3 144) resolution using an area average preserving method (http://www.ncl.ucar.edu/Document/ Functions/Contributed/area_conserve_remap_Wrap.shtml).
Three global observational data sets were employed for CMIP5 model evaluation: (1) Climate Research Unit Time Series 3.10 (CRU TS3.1) [Harris et al., 2014] , (2) Princeton Hydrology Data [Sheffield et al., 2012] , and (3) CRU National Center for Environmental Predications Community Land Model offline forcing data (CRU-NCEP, ftp://nacp.ornl.gov/synthesis/2009/frescati/temp/land_use_change/original/readme.htm).
Potential evapotranspiration is calculated using the Penman-Monteith method employing the Food and Agricultural Organization grass reference evapotranspiration equation [Allen et al., 1994; Harris et al., 2014] and the following CMIP5 monthly variables were employed: near-surface air temperature, evaporation, surface upward sensible heat flux, near-surface relative humidity, eastward near-surface wind, and northward near-surface wind.
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The Budyko Framework and Terrestrial Hydrological Sensitivity. The water balance equation DS5P2ET2R ð Þ can be combined with a formulation of the Budyko curve to obtain an analytical expression for runoff ratio (RR) [Zhang et al., 2008] .
where RR5 R=P is the runoff ratio, DI 5 PET=P is a dryness index, and PET, ET, P, and R are potential evapotranspiration, actual evapotranspiration, precipitation, and total runoff, respectively. Over a climatological mean period, e.g., 20 year average, the change in storage is negligible DS50 ð Þ. Parameter w, which depends on catchment characteristics such as topography, soil, vegetation, climate, and other environmental variables such as atmospheric CO 2 concentration, and land use change (discussed later) [also see Roderick and Farquhar, 2011] range from 1 to infinity [Milly, 1994; Zhang et al., 2008] and represent the efficiency of the catchment in converting precipitation into evapotranspiration. Higher w implies a higher ET/P ratio and thus a reduced runoff ratio, R/P. We employed a nonlinear optimization to estimate w using RR and DI data from observations or CMIP5 models and equation (1) (supporting information section S1).
The sensitivity of hydrological changes to global warming as measured by the changes in dryness index is given by,
where
This equation represents primarily the terrestrial contribution to the hydrological sensitivity because RR, to the first order, offsets the effect of precipitation changes, that is, to changes in the atmospheric branch of the hydrological cycle. The sensitivity of the catchment efficiency parameter dw dDI À Á is estimated by fitting a second-degree polynomial to time series of estimated ln(w) and DI values using CMIP5 data for historical, and RCP8.5 climate simulations,
and then differentiating equation (3) with respect to DI. Here CF 1 represents the effects of vegetation changes, mainly due to conversion from natural vegetation to crop/grass land [Zhang et al., 2001] , and CF 2 represents the effect of increased CO 2 concentrations on the plant transpiration in terms of increased water use efficiency and thereby a decrease in the catchment efficiency parameter [Betts et al., 2007; Cao et al., 2010] . CF 1 and CF 2 values are obtained from the literature and linearly interpolated to CMIP5 land Figure 1 shows long-term trends in annual average streamflow, center of timing for the annual flow, annual minimum flow, and annual maximum flow for 115 streamflow gauging stations in western North America along with an observational DI estimate. Figure 1 and Table 1 suggest that hydrological changes have been detected more frequently in energy-limited (wet) regions such as western Canada and the Pacific Northwest than in water-limited (dry) regions such as the western United States. For example, 25% of stations show significant trends in annual mean flow in energy-limited regions compared to only 14% in water-limited regions.
Figure 2 shows time series of detectability of P-ET and RR in historical and future climate simulations using perfect model analysis method described in Kumar et al. [2015] . We compared model simulated changes against internal climate variability that is determined from long ($1000 years) preindustrial climate simulations in four climate models [see Kumar et al., 2015 for details]. Globally, wet regions show 35% higher detectability in P-ET changes and 40% higher detectability in RR changes by the end of 21st century under the medium emission scenario (RCP4.5) than dry regions. Based on this evidence (Figures 1  and 2 and Table 1) , we conclude that a greater detectability of hydrological change in wet regions than dry regions is an emerging feature of future hydrological change. Next, we investigate a physical basis for the heterogeneity in hydrological changes. Figure 3a shows a validation of the Budyko curve (equation (1)) using a subset of 95 watersheds in western North America. Quality controlled high-resolution precipitation data are not available for the remaining 20 watersheds; hence they are not included (see supporting information section S2). The Budyko curve describes the climatological mean water availability (RR) with reasonable accuracy; the coefficient of determination (R 2 ) and the model efficiency coefficient are both 0.91 for the optimized w 5 5.0. Some of the uncertainty in the Budyko framework in energy-limited regions (DI < 1.0) can be due to underestimation in precipitation data that may be related to undercatch of precipitation measurements at high latitudes, e.g., British Columbia, and/or errors introduced with interpolation [Groisman and Legates, 1994; Mekis and Vincent, 2011] (supporting information section S2). We also found that equation (1) provides comparable estimates of RR in snow-dominated regions than using more sophisticated equations suggested by Zhang et al. [2015] (supporting information section S2). Figure 3b shows the sensitivity of hydrological changes using only the first term in equation (2a), i.e., assuming change in the catchment efficiency parameter is negligible, an assumption that is relaxed later in the paper. It is evident that the estimated hydrological sensitivity is considerably larger in energy-limited regions than in water-limited regions. Verification of the estimate of hydrologic sensitivity based on the Budyko framework would require long-term century-scale observations that are unfortunately not available. We therefor analyze the CMIP5 simulations at global scales because wet-dry regions exist globally, and relatively coarse resolution CMIP5 data provide a meaningful result at global scales. However, before we discuss CMIP5 results, we address uncertainty in the PET estimate in view of recent literature [e.g., Roderick et al., 2015] .
An Observational Context of Budyko-Based Terrestrial Hydrological Sensitivity
Addressing Uncertainty in Estimating PET
In this study, PET is measure of atmospheric demand, i.e., in the absence of water limitations, a surface should evaporate at a rate estimated using PET method. We estimated PET using physically based PenmanMonteith method (section 2). Figure 4 compares changes in PET estimated in this study with ET changes in 20 climate models from the CMIP5. It is remarkable to see that our PET estimate is comparable to more complex ET parameterization in CMIP5 models with R 2 ! 0.97 and slope $1 over oceans where there are no water limitations to evaporation. Over land, the relationship between PET and ET changes from historical (R 2 5 0.66) to RCP8.5 (R 2 $ 0) climate projections, which could be due to an increased water limitation to evaporation [Kumar et al., 2013b] and carbon cycle feedback processes (discussed later). We also assessed the PET estimate at local scales (grid cell) and found comparable results similar to Scheff and Frierson, [2014] (not shown). Overall, we conclude that the FAO-based PET estimate is a defensible measure of atmospheric demand. 
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Evaluation of CMIP5 Models for Budyko Modeling
Figures 5a and 5b show a comparison of DI diagnosed from 20 CMIP5 climate models with DI diagnosed from observations for the last 30 years of the historical period . CMIP5 models adequately capture the spatial variability in observed DI (spatial correlation: 0.86). A small wet bias (27%, local bias in DI on average) is found, which is expected given the precipitation biases in climate models, particularly wet precipitation biases in dry regions, e.g., Australia and western North America [Flato et al., 2013; Sheffield et al., 2013] . Overall, we conclude that CMIP5 models adequately describe DI within the observational uncertainty range, e.g., the precipitation undercatch issue in snow-dominated high-latitude regions, and the sparse observational network in less observed part of the world, e.g., South America, Africa, and Asia [Groisman and Legates, 1994; Mekis and Vincent, 2011; Kumar et al., 2013a] . DI increases in most places around the world in RCP8.5 climate projections (Figure 3c) [also see Fu and Feng, 2014] . Figure 6 shows an evaluation of the catchment efficiency parameter (w) and the effect of global warming on w. The multimodel mean estimate of w shows spatial variability that is consistent with the distribution of vegetation in the current climate (Figure 6a ), i.e., higher w is found in regions with dense vegetation coverage, e.g., in the eastern United States, boreal regions of North America and Europe, the Amazon, and Congo basins, and Southeast Asia [Li et al., 2013; Greve et al., 2014] . These regions also show significant decreases in w during the 21st century (Figure 6b ). Fewer regions, e.g., Siberia, and parts of Alaska and northwest Canada show an increase in w. Overall, the global average w decreases by 12.6% in the 21st century which indicates that several climate process, such as increased plant water use efficiency under elevated atmospheric CO 2 concentration, increased soil resistance to evaporation under drier conditions, and land use change oppose climate-driven evaporative demand on the land [Zhang et 
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The multimodel mean estimate of w from CMIP5 models is higher than typically used in the hydrology literature (w 5 1.9 1 0.72) [Li et al., 2013; Roderick et al., 2014] . This is due to a higher ET/P ratio in climate models/land surface model than hydrologic models [Haddeland et al., 2011] (also see supporting information Figures S2 and S3 ).
Terrestrial Hydrological Sensitivity
We study the sensitivity of hydrological changes (dRR/dDI) using the Budyko framework (equation (2a)) and compare it with the sensitivity derived from CMIP5 models
where DRR and DDI are computed as the difference between the last 20 year and first 20 year climatologies in historical and RCP8.5 climate simulations, respectively. We present the multimodel mean sensitivity DRR DDI À Á from the CMIP5 models and mean of a distribution of 500 analytically derived dRR dDI À Á using CMIP5 estimates of w, DI, and dw/dDI. This distribution is obtained by a normally distributed random sample of w and dw/dDI values covering their 95% uncertainty range and uniformly sampled DI; these values correspond to the mid-21st and 20th century values in RCP8.5 and historical simulations, respectively. Figure 7 shows the sensitivity of hydrological changes in historical and future climate simulations. The Budyko framework describes regional and local variations in hydrological sensitivity reasonably well, particularly in the historical period. A greater hydrological sensitivity is found in generally wet regions, e.g., eastern North America, the U.S. plains, and Canada, high-latitude regions, the Amazon and Congo basins, and Table 2 ). Dry regions such as the southwestern United States, Sahel, central Asia, and Australia show a lower hydrological sensitivity.
The hydrological sensitivity is generally reduced in future climate (Table 2 ). Direct calculations from CMIP5 models DRR DDI À Á indicate a greater reduction in hydrological sensitivity in wet regions than estimated using the Budyko framework dRR dDI À Á (Figures 7a and 7b, right column) . The analytical solution also suggests a reduction in sensitivity in several regions, e.g., North and South America. The future projections of hydrological sensitivity based on the Budyko framework show a better correspondence with their historical sensitivity (spatial correlation between left and right columns of bottom row in Figure 7b : 0.79) than directly calculated from CMIP5 data (spatial correlation: 0.51, same as before for top row in Figure 7b ). Overall, both CMIP5 simulations and the analytical expression suggest heterogeneity in sensitivity of hydrological changes where wet regions experience 3 times higher hydrological sensitivity than dry regions ( Table 2 ).
The estimated sensitivity under the Budyko framework is strongly controlled by the second term in equation (2a), i.e., whether the sensitivity of the catchment efficiency parameter is considered or not. If it is not considered (dw/dDI 5 0) then a biased estimate of the hydrological sensitivity results, particularly in the wet Figure 7 are minimally sensitive if we use w and DI from the base period, i.e., first 20 year of historical or RCP8.5 climate simulation (not shown); thus, providing a predictive power in Budyko framework.
3.6. Effects of ''w'' Parameter Change on Runoff Projections Figure 9 and Table 3 show effects of the change in the catchment efficiency parameter on global runoff change projections. Runoff change projections using the Budyko framework are obtained by employing the change in DI and precipitation from CMIP5 models; in one case, change in the catchment efficiency parameter is also incorporated (with w change), and in other case, values from the base period is used (no w change). Least square estimates of w from individual climate model are employed here. It is evident that reduction in the catchment efficiency parameter significantly reduces dry biases. In RCP8.5, projections (Table 3) . For example, a strong drying in most places in North America is significantly reduced after incorporating the change in the catchment efficiency parameter (Figure 9b ). Similar improvements in runoff change projections are also found in South America, Africa, Mediterranean, and Australia. The spatial correlation between Budyko-based runoff change projections and CMIP5 remains similar with or without change in catchment efficiency parameter (Table 3) .
One caveat in the analysis presented in Figure 9 and Table 3 is that we assume that the change in the catchment efficiency parameter is known beforehand. The main purpose of this analysis was to demonstrate the effects of the decrease in the catchment efficiency parameter on runoff projections.
Discussion and Conclusions
There is a relatively robust understanding of changes in the atmospheric branch of hydrological cycle where wet regions are expected to experience greater hydrological changes [Chou and Neelin, 2004; Held and Soden, 2006; Seager et al., 2010] . The terrestrial branch remains less well understood, with substantial observational uncertainty and limited evidence of detectable change over the historical period [Greve et al., 2014] . An additional factor may be that the terrestrial branch of the hydrological cycle may contribute to the spatial heterogeneity in hydrological changes. The terrestrial hydrological sensitivity and detectability of streamflow changes are found to be greater in the regions where the hydrological cycle is energy limited. An analogy using a simple Bucket Hydrology model [Manabe, 1969] can be drawn here-in wet regions, the bucket is relatively full, hence a higher fraction of precipitation variability and changes result in runoff changes; whereas in dry regions, the bucket is empty, i.e., a large buffer is available to dampen precipitation variability and changes leading to smaller runoff changes [Koster and Suarez, 1999; Sankarasubramanian and Vogel, 2002; Zhang et al., 2008] .
The terrestrial hydrological sensitivity (dRR/dDI) concept outlined in this study differs from the concept of precipitation elasticity of runoff in the following ways: (1) here we assess absolute changes in RR compared to proportional changes in runoff in the elasticity concept [Schake, 1990; Sankarasubramanian et al., 2001; Vano et al., 2012] , and (2) by assessing changes with respect to DI, we implicitly incorporate changes in potential evaporation that increase at a much faster rate (5-6% 8C 21 of warming) than precipitation changes (1-2% 8C 21 of warming) [Held and Soden, 2006; Scheff and Frierson, 2014; Roderick et al., 2015; Fu and Feng, 2014] . The precipitation elasticity concept does not incorporate changes in potential evaporation, which negatively impacts precipitation elasticity. Importantly, this new concept helps us to understand additional (terrestrial) sources of the higher detectability of hydrological changes in energy limited regions compared to water-limited regions, which is supported by observational evidence and climate model simulation results (Figures 1 and 2) .
A generally decreased hydrological sensitivity in the 21st century than the 20th century could be due to several factors including (1) increased dryness, (2) a decrease in w due to increased plants' water use efficiency and land use changes, and (3) a negative sensitivity of w to the increase in DI (supporting information Figure S6 ). To the authors' knowledge, this is the first study to quantify sensitivity of the catchment efficiency parameter (dW/dDI) at global scales, which has previously been discussed only qualitatively [e.g., Roderick and Farquhar, 2011; Roderick et al., 2014] . Incorporation of dW dDI within the Budyko framework reduces the magnitude of hydrological sensitivity, with the catchment efficiency parameter acting in a selfregulating manner that opposes climate-driven changes. It also reduces dry biases in runoff change projections by 88% in the 21st century. Zhang et al. [2015b] found resilience in crops to drought stresses using long-term observations in semiarid regions of Northern China.
We employed a physically based estimate of potential evaporation using Penman-Monteith method similar to other studies, e.g., Sheffield et al. [2012] , Cook et al. [2014] , and Fu and Feng [2014] . Shuttleworth [2012] strongly recommends the Penman-Monteith method as the preferred method to estimate PET. Roderick et al. [2015] found that global land evaporation does not follow increasing potential evaporation under global warming scenario hence they suggested using net radiation instead of potential evaporation for computing DI [e.g., Roderick et al., 2014] . Net radiation increases globally but with a much smaller magnitude (39 mm/yr/century) than potential evaporation (230 mm/yr/century) [Roderick et al., 2015 ; also see . One major implication of using net radiation is that it results in a different interpretation of the changes in w, such that the catchment efficiency parameter slightly increases or remains the same under elevated CO 2 concentration, and global warming conditions (supporting information Figure S7 ). Overall, a similar runoff change projection can be obtained using two different methods: (1) using Penman-Monteith-based PET and a decrease in w (this study), and (2) using Rn as PET, and no change in w [e.g., Roderick et al., 2014] .
There are significant differences in using Rn only as PET than Penman-Monteith method. Using Rn as measure of atmospheric demand ignores the aerodynamic component that can account for approximately 30% of energy (Rn)-driven demand, also known as the Priestley-Taylor method [Chow et al., 1988] . found that global land areas showing significant changes in DI almost doubles when using Priestely-Taylor method for PET compared to Rn only as PET. Further, we present a physically plausible explanation for decrease in w, e.g., increased water use efficiency under elevated CO 2 concentration, increased soil resistance under drier conditions, and land use change.
The Budyko framework provides an alternative approach (other than CMIP5) for hydrological change assessment; independent estimates of DI and w can potentially be used to study hydrological changes at watershed scales [e.g., Jiang et al., 2015] . Parsimony in the Budyko framework enables us to study parameter sensitivity in more details than global climate models where sensitivity of several parameters, e.g., drought stress and phenology scheme are not discussed in comparable details [Basu et al., 2010; Dirmeyer et al., 2013; Dahlin et al., 2015] . We also found uncertainty in future projections of hydrological sensitivity using the Budyko framework. Changes in the catchment efficiency parameter are an important source of uncertainty in future water projections based on the Budyko framework. S.K. and F.Z. were supported by NSERC Canadian Sea Ice and snow Evaluation (CanSISE) Network. The first author thanks Markus Schnorbus and Faron Anslow (both from PCIC) for providing hydrology data for watersheds in British Columbia. The first author also thanks Justin Sheffield (Princeton University) for providing Princeton Hydrology data. We acknowledge the World Climate Research Programme's Working Group on Coupled Modelling, which is responsible for CMIP, and we thank the climate modeling groups (listed in supporting information 
